ABSTRACT Motion velocity, acceleration, and energy expenditure estimations are important in quantitative assessments for physical recovery and exercise-based interventions for post-stroke patients with partial losses of neurological functions. This paper proposes a novel wearable motion estimation device using a micro flow sensor, which realizes motion velocity, acceleration detection, and energy expenditure estimation for human limb motion. A homemade micro thermal flow sensor is used to detect motion velocity. Jerk-Kalman based algorithm is proposed to extract motion acceleration from the flow sensor outputs. Motion velocity and acceleration are used to estimate energy expenditure of limb motion. Calibration experiments and application cases are conducted to validate the effectiveness of the methodology. The micro flow sensor based motion estimation method is free of accumulated error, robust for dynamic motion measurement, and provides a promising auxiliary approach for evaluating energy expenditures of human limbs in rehabilitation training.
I. INTRODUCTION
Stroke, also known as a cerebrovascular accident (CVA), is a sudden ischemic or hemorrhagic interruption in the blood flow supplying oxygen and nutrients to the brain tissue. This event results in brain cell death, consequently partial loss of neurological function. In China, the annual deaths due to stroke were approximately 1.6 million, outstripping heart disease as the leading cause of adult death and disability [1] . Long-term disability is frequently associated with persistent impairment of upper limbs [2] . The studies of recovery after stroke over an extended time suggested that only few patients with significant arm paresis recovered useful function [3] . The quality of life for post-stroke patients can be significantly improved by upper limb function recovery [4] , [5] . Exercise-based intervention or training by the aid of professionals in hospitals is one of the commonly used physiotherapy methods to restore motor functions. Existing assessment equipment for rehabilitation training is bulky and inconvenient. It is necessary to develop a wearable and reliable rehabilitation training assessment device for quantitative and objective assessment of human limb training [6] , [7] and
The associate editor coordinating the review of this manuscript and approving it for publication was Kang Li. allow evaluation of limb motor function recovery for patients in their daily lives [8] , [9] .
Energy expenditure (EE) is usually needed as an important index for quantitative assessments of exercise and recovery status of the patients [6] , [8] , [10] , [11] . Doubly labeled water (DLW) [12] and room calorimetry [13] are the criteria to access energy expenditure by metabolism evaluation, but they are only used to assess the EE of the whole body rather than partial segments, and are not suitable for post-stroke patients' recovery in their daily lives.
Advances of microelectromechanical technology make it possible to develop wearable devices for EE estimation using micro inertial sensors, such as accelerometers or inertial measurement units (IMUs), which are easy to setup, low cost and free environmental restriction [14] , [15] . Accelerometers as pedometers [16] - [18] have been widely used in physical activities assessments, but not applicable to limb EE assessment due to lack of motion velocity and acceleration. IMUs (including micro accelerometers and micro gyroscopes) with data fusion methods are usually used for human motion tracking [5] , [19] . However, due to dynamic characteristics of human limb motion, mechanical energy of human limb involving motion velocity and acceleration measurements is difficult to estimate accurately because IMU-based integral method generates accumulated errors and drifts when calculating motion velocity of limb [20] , [21] . It is a great challenge to implement the real-time assessment of human limb energy expenditure using a wearable device.
To solve this problem, we propose a motion estimation device using a micro flow sensor to determine motion velocity and acceleration by detecting the surface flow induced by human limb movement. A Jerk-Kalman filter is proposed to extract the motion velocity and acceleration from the outputs of the micro flow sensor. With the motion velocity and acceleration, quantitative assessment of EE is performed by calculating kinetic powers of the human upper arm and forearm. Experiment results validate the effectiveness of motion velocity and acceleration measurements of human limb using the flow sensor, from which the human limb EE of rehabilitation treatments can be estimated for the patients. The developed motion estimation device is easy to operate, wearable and low cost, which is inherently free of accumulated error and provides a promising approach for quantitative assessment of human limb motion in rehabilitation training.
II. SYSTEM AND MEASUREMENT PRINCIPLE
In certain cases of biomechanics, two-dimensional (2D) analyses using relatively simple body models are applicable. For example, walking [24] and sprinting [25] are usually considered to be 2D movements occurring primarily in sagittal planes. The patient's limb rehabilitation training has a prescribed movement, and the limb movement can also be considered as a 2D movement in the sagittal plane. In this paper, we propose using a micro flow sensor to detect the surface flow induced by limb movement. Illustration of the motion estimation using a micro flow sensor is shown in Fig. 1 The movement of a human limb generates a surface airflow along the flow sensor worn on the limb and is detected by the flow sensor. The flow signal is converted into electrical signals and transmitted to a PC or a mobile phone where the motion velocity and motion acceleration are extracted by using a Jerk-Kalman filter. The EE of the limb is further assessed by integral of the product of the motion velocity and acceleration. Fig. 2 (a) shows the estimation device comprised of a homemade micro thermal flow sensor, a signal conditioning circuit, a Bluetooth module and a rechargeable lithium battery, all of which are packaged into a watch-like case. Fig. 2 (b) shows the flexible flow sensor comprised of three center roundabout Pt wires and three outer annular Pt wires on a flexible polyimide substrate. The outer annular Pt wires named cold films are used for the temperature compensation, and the center roundabout Pt wires named hot films are used for detecting wind velocity. The Pt wires are fabricated on a 50 µm thick polyimide substrate by using lithography and sputtering processes [22] , [23] , [26] . The temperature coefficients of resistance of the fabricated Pt thermal elements are tested to be about 2000 ppm/K.
The working principle of the thermal flow sensor is based on the heat transfer from the hot film elements to the surrounding, which forms a temperature distribution named hot zone above the surface of the sensor. The hot-films are operated in a constant temperature difference (CTD) circuit, and serve as both Joule heaters and temperature sensors [22] , [23] , [26] . The motionless sensor does not generate surface flow, and thus the hot zone is located on the central area of the sensor, as shown in Fig. 2(c) . While a motion of the sensor with certain velocity and direction angle generates a surface airflow blowing over the hot zone, the airflow leads to a deviation of the hot zone from the central area along the flow direction. The deviation of the hot zone is detected by the three hot-film elements, and further extracts the motion velocity and direction angle. 
III. ALGORITHM A. VELOCITY DETERMINATION
An algorithm with simple calculation for determining motion velocity and direction has been investigated [23] . It has been proved that the outputs of the three thermal elements follow sine or cosine laws versus the airflow angle and exhibit 120 • phase difference with each other [26] , [27] . The flow velocity, which represents the motion velocity of the limb, and its direction angle have the formula solution based on the measurement principle [22] , [23] , [26] .
where U 1 , U 2 , U 3 refer to the voltage outputs of three hot films respectively, V refers to the motion velocity, θ refers to the motion direction angle, as shown in Fig. 2(c) .
B. MOTION ACCELERATION DETERMINATION
The motion velocity measured by the flow sensor contains measurement noises. Directly differentiating the motion velocity to determine the motion acceleration will induce serious errors. In addition, the motion acceleration of limb movement exhibits dynamic characteristics, a kinematical model of which needs to be considered. Markov Model has been proposed to characterize the motion acceleration dynamics using, such as Singer model [28] , Jerk model [29] , current statistical model [30] , and White-noise model with constant acceleration model (CA), constant velocity model (CV) and coordinated turn (CT) [31] . The choice of model is mainly based on algorithm robustness, calculation complexity and accuracy. For the state space model, the determination of the order is an important factor. Jerk model involves one more derivative in the target model [29] , which is only one order higher than Singer model and Current Statistical model. The additional computation cost is acceptable.
Using the velocity output of the flow sensor as the observation vector Z, we establish a Jerk-Kalman model with state vector X containing motion velocity − → v b , acceleration − → a b , and jerk − → j b . where α is the reciprocal of the maneuver time indicating that jerk has a certain time correlation at two adjacent moments [28] , [29] . In our device, α is set as 0.9 through optimization. 0 3 is third-order null matrix. The velocity in body reference frame measured by the flow sensor serves as output vector, i.e.
Discretize the model (2) to obtain the discrete-time statespace model:
where H is output matrix and equal to C, Z(k) is output vector, k is discrete time, X(k) is state vector, is state transition matrix, and is formulated as: where
, T s is sampling period. According to the characteristics of human motion, the sampling frequency is set to be 100 Hz. W (k) is the corresponding process noise of the discrete-time model whose covariance matrix Q(k) [28] , [29] is derived from (4)
The covariance matrix R (k) of discrete-time measurement noise V (k) is derived from (5) Fig. 3 illustrates the iterative process of Jerk-Kalman filter for estimating the state vector. The iterative process contains two loops: a filter update loop and a gain update loop. The filter update loop is used to estimate the state variables X(k + 1|k + 1), while the gain update loop is to calculate the filter gain K(k + 1) using one-step prediction covariance matrix P(k + 1|k).
The above Kalman filter is essentially an observer of the state vector, where its observability needs to be guaranteed. The observability matrix O of the proposed Jerk-Kalman model is given by:
The criterion to judge whether the state variables are observable or not is that the observability matrix O is full rank. It is proven that the criterion is true for the model (3), and thus the proposed state vector X is observable.
C. KINETIC POWER ESTIMATION
Mechanical energy of human body is mainly from muscles [32] . Taking arm swing movement as an example, the muscle strength propels the arm to move. The EE of the arm yields the total internal work done by the muscles. The arm motion can be considered as an external load. Work is defined as the product of the acting force and the displacement of the arm in the direction of the applied force. The work, dw, done when a force F generates an infinitesimal displacement, ds, is:
Or the work done when − → F acts over a distance s 1 is:
Eq. (8) further deduces Eq. (9) when turning the displacement variable into a velocity variable − → V el :
where m is mass of the arm, − → A cc is motion acceleration, t 1 is the time period for traveling through the distance s 1 .
Define a kinetic power to express an instantaneous change rate of the work:
For EE, it does not distinguish whether the work is done by the positive or negative muscle force. Therefore, the total work is given by:
It indicates that the energy expenditure is estimated by the integral of the product of the motion acceleration and velocity.
Divide W kinetic by the time period t 1 to give an average kinetic power, which is defined as an efficiency index of EE: 
IV. EXPERIMENT AND RESULTS

A. MESUREMENT VALIDATION OF MOTION VELOCITY AND DIRECTION ANGLE USING THE FLOW SENSOR
To implement calibration and validation of the flow sensor for detecting the motion velocity and direction angle, an experiment was conducted using a precise turntable which serves as a gold standard of the motion detection. The flow sensor was mounted on the turntable for the measurement validation of motion velocity and direction angle. The actual velocity and angel were obtained by the turntable encoder. The motion velocity was set from 0 to 2.58 m/s at 0.32 m/s per step, and the moving angle was set from 0 to 360 o at 15 o per step. Fig. 4(a) shows the results of the measured motion velocity. The root-mean-square error (RMSE) of the motion velocity is less than 0.05 m/s. Fig. 4(b) shows the results of the measured moving angle. The RMSE of the moving angle is less than 2.5 o .
B. MEASUREMENT VALIDATION OF MOTION VELOCITY AND ACCELERATION USING THE FLOW SENSOR
To further evaluate the measurement accuracy of motion velocity and acceleration in a dynamic motion using the flow sensor, we conducted an arm swing experiment. Fig. 5(a) shows the experimental setup. The flow sensor was attached on a level arm that was mounted on a swing table. The swing table was operated to simulate a human arm swing in the horizontal plane. In this case, an accelerometer and a rate gyroscope were also attached on the level arm to detect the actual motion acceleration and velocity, where the motion acceleration was detected by the accelerometer and the motion velocity was calculated by the product of the rotation velocity and arm length. The defined sensor X-axis pointed to the direction of motion. Fig. 5(b) and (c) show the velocity v xb and acceleration a xb detected by the flow sensor, which are compared with the actual motion velocity and acceleration. The results of the mean error (ME) and RMSE are shown in TABLE 1 indicted as windless condition.
To test wind-resistance performance of the proposed method, we conducted a wind interference experiment using an air fan to simulate a windy environment in an indoor condition, in which the rehabilitation training was normally performed. According to the reports [33] , the indoor wind velocity is less than 0.3 m/s at 85% probability. Therefore, The experiment was conducted under a wind flow with about 0.3 m/s. Fig. 5(d) and (e) show the measurement results. The ME and RMSE are shown in TABLE 1 indicated as windy condition. The results verify that the motion velocity and acceleration measured by the flow sensor are well in both conditions of calm and breeze.
C. KINETIC POWER ESTIMATION FOR HUMAN UPPER LIMB IN ARM SWING MOTION
Arm swing in human bipedal walking is a natural motion, which is an effective training movement for neurological rehabilitation. We conducted a human arm swing experiment to perform quantitative assessment of EE for human upper limbs. Experiments performed in studies involving human participants were approved by the Institution Review Board of Tsinghua University (No. 20180009). To assess kinetic power for the upper arm and forearm of an subject in the swing arm motion, we attached two flow sensors respectively at the centroid of the upper arm and forearm as shown in Fig. 6(a) . According to Human Dimensions of Chinese Adults (GB/T 10000-1988), the mass and centroid positions of the upper and forearms are shown in TABLE 2.
The subject swung his arm up and down at different frequencies of 0.9 Hz and 1.3 Hz, respectively. The flow sensors detected the motions of two limb segments and the motion velocity, acceleration, and kinetic powers of the limbs were estimated.
A traditional Kalman-based sensor fusion method using an IMU with accelerometer and gyroscope, which adopted VOLUME 7, 2019 model-based data fusion of micro accelerometers and micro gyroscopes for discriminating the gravity vector and the motion acceleration [20] , was employed to estimate motion acceleration as comparison. The motion velocity could not be directly measured by the IMU and was obtained using integral of the motion acceleration that was extracted by the Kalman filter model-based data fusion algorithm mentioned above.
The extracted motion acceleration contained noises and errors that induced the cumulative error in the integral for estimating the motion velocity. Fig. 6(b) shows the comparison of the estimated kinetic power, motion velocity, and acceleration of the forearm swinging at a frequency of 0.9 Hz, where we compared the X-Y results of the IMU with the results detected using the flow sensor regarding the arm swing as a near 2D motion. It is shown that the motion velocity and kinetic power determined by the inertial approach exhibit obviously accumulated errors. In contrast, the estimated kinetic velocity and power of the forearm detected by using the flow sensor demonstrates free of accumulated error in a long-time monitoring. The flow sensor based method is robust for dynamic motion measurement. Fig. 6 (c) and (d) show the estimated power, velocity, and acceleration of the upper arm detected using the flow sensor in two swing cycles at the frequency of 0.9 Hz and 1.3 Hz respectively. Fig. 6 (e) and (f) show the corresponding results of the forearm detected synchronously with the upper arm. The results indicate that the arm swing at a higher frequency generates a higher power, and the EE of the forearm is larger than that of the upper arm in a swing motion.
Some researchers use the average kinetic power to study the mechanics and energetics of human motion [34] - [36] . The average kinetic power can be used to estimate the corresponding metabolic power for EE:
where P met is the corresponding metabolic power. η is the efficiency of converting mechanical work into EE through muscle, and is generally about 0.25 [37] . It is proven to have a value of 0.25∼0.41 for lower limb joints in the scene of walking and running [34] .
Average kinetic power of the upper limbs was estimated using Eq. (12) and listed in TABLE 3. It is seen that the average power of the forearm is about 2∼3 times larger than the power of the upper arm.
Experiment results validate the motion velocity and acceleration, and the EE of human limb can be estimated by using a flow sensor, which is useful for quantitative assessment of limb motion in clinical therapy and rehabilitation training of the patients with neuro-logical conditions, e.g. stroke, traumatic brain injury, and motor neurone diseases. Quantitative assessment of EE for human limbs provides an effective way to help doctors and nurses adjust treatment plans for patients in a timely manner.
V. CONCLUSION
We develop a flow sensor based wearable device to monitor motion velocity of human limbs for quantitative evaluation of EE in rehabilitation training of post-stroke patients. Jerk-Kalman algorithm is proposed to extract motion velocity and acceleration, which is verified through experiments. With the motion velocity and acceleration, quantitative assessment of EE is performed by calculating average kinetic powers of the human upper arm and forearm. Experiment results validate the effectiveness of estimating motion velocity and acceleration using the flow sensor, from which the EE of the limb can be calculated. The developed motion estimation device is robust, easy to operate, wearable and low cost, which provides a promising approach for quantitative assessment of human limbs in personal rehabilitation treatments. In our future work, we will further consider to conduct experiments on more subjects for statistical analyses of clinic applications, and investigate a multi-sensor fusion approach by incorporating the flow sensor with inertial sensors to solve motion and posture tracking problems of human limbs, using such as VICON device as comparison.
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